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There is a food knowledge disconnect between the food research community, and
the general population. Food experts know detailed information about foods, but there
is a lack of understanding about what citizens know. Citizen science has been used
successfully in various fields however, is virtually absent from food research. This pilot
study explores the efficacy of Zooniverse citizen science platform as a method of food
citizen research, and assesses the impact of response method, food type, portion size
and weight information, on estimates of carbon footprint and energy content. Estimates
of the carbon footprint (grams of carbon dioxide equivalent) and energy content (Kcal) of
10 foods were measured in a 3 (Between: Response Method; multiple-choice, slider, text
box) × 3 (Within: portion size; small, medium, large) × 2 (Between: weight information;
present, absent) observational survey. Citizens (N = ∼516, unique IP addresses) were
recruited via informal email networks. Kruskal–Wallis and Chi-square analyses compared
citizen estimations with validated values, and assessed the impact of the variables
on estimations. The majority of carbon footprint and energy content estimates were
inaccurate, with citizens typically overestimating values. We observe an unexpected
correlation between carbon footprint and energy content estimates. Portion size impacts
perceptions, with estimations increasing with larger portion sizes. Weight information
impacts perceptions, with estimations of carbon footprint being lower, and estimates
of energy content being higher when weight information is present. Input method
significantly affects observed values, estimates of carbon footprint and energy content
estimates were lowest using the text box, followed by the slider tool, highest estimates
were given using multiple choice. Citizens are unable to accurately estimate the carbon
footprint and energy content of foods, though citizens may possess understanding
of the hierarchy of values. These compelling findings highlight the need for consumer
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education, with a focus on carbon footprint, to precede interventions intended to move
consumers toward more sustainable and healthy diets. We have demonstrated that
citizen science can be used to measure food carbon footprint and energy content
perceptions, and the slider tool offers greater sensitivity of estimation and functionality
than other input methods.
Keywords: carbon footprint, methods, citizen science, portion size, energy content, consumer perception, food
environmental impact
INTRODUCTION
Sustainable food consumption is considered critical for climate
change mitigation and adaptation strategy (Hyland et al., 2017;
Tirado-Von Der Pahlen, 2017; Clark, 2019). Sustainable food
choices are key to reducing environmental impact (CCC, 2020)
with the food lifecycle contributing 20–30% of global greenhouse
gas emissions (GHGE) (Kause et al., 2009; Poore and Nemecek,
2018). Similarly, increasing healthy diet choices are key to
improving consumer health by reducing diet-related chronic
diseases. Consequently, it is essential to move consumers toward
more sustainable and healthy diets.
Evidence based dietary guidelines, advice, and policy
encourages people toward sustainable and healthy diets (Kause
et al., 2009; Health Council of the Netherlands, 2011; Ministers
NC, 2014; Reynolds et al., 2014; Monteiro et al., 2015; Fischer
and Garnett, 2016; Freidberg, 2016; van’t Veer et al., 2017; Poore
and Nemecek, 2018; CCC, 2020). However, recent research
suggests there is a food-knowledge disconnect between the food
research community, and the general public, with the citizens
typically underestimating the carbon footprint, misestimating
portion sizes, and energy content of foods (Rolls et al., 2002;
Choi and Pak, 2006; Carels et al., 2007; Steenhuis and Vermeer,
2009; Chernev and Chandon, 2010; Miyazaki et al., 2011; Lee
et al., 2012; Holmstrup et al., 2013; Cohen and Story, 2014; Liu
et al., 2015; Jones et al., 2016; Panzone et al., 2016, in press;
Hartmann and Siegrist, 2017; Edelson et al., 2018; Shi et al., 2018;
Camilleri et al., 2019; Kemper et al., 2019; Thomas and Kyung,
2019). The public are motivated to reduce the environmental
impact of their diet with two thirds of surveyed EU consumers
being open to changes in diet and 40% having already reduced
or stopped red meat consumption. However, the public lack
understanding about the environmental impact of their own
food choices (Bureau Européen des Unions de Consommateurs,
2020). Bureau Européen des Unions de Consommateurs (2020)
recommend that advice and guidance about the sustainability
of food should be provided, allowing the public to make more
informed and sustainable food choices.
Studies have shown that estimating portion sizes is still a
problem across society. Misestimating portion sizes can lead
to overconsumption, which may contribute diet-related chronic
diseases such as obesity, diabetes, heart disease, and food waste
which can contribute to carbon emissions, and climate change
(Rolls et al., 2002; Steenhuis and Vermeer, 2009; Miyazaki et al.,
2011). Consequently, it is imperative to understand perceptions
about portion size, energy content and the carbon footprint of
food, to develop effective interventions to tackle both climate
change and diet-related chronic diseases (Camilleri et al., 2019).
Previous studies have used various survey and response input
methods to collect estimates of carbon footprint (embodied
carbon emissions) or energy content (calories), these include
blank text boxes (Camilleri et al., 2019; Panzone et al., in press),
slider tools (Shi et al., 2018), and multiple choice (Panzone
et al., 2016). A direct comparison of input methods on self-
report drinking behavior found that responses using a slider
were inflated compared to those input using a text box (Kemper
et al., 2019), however it is not clear whether this effect will be
present in measures related to perceptions of energy content
and carbon footprint. As input method can impact participant
response (Kemper et al., 2019; Thomas and Kyung, 2019), it
is important to identify the most appropriate input method to
gauge an accurate understanding of carbon footprint and energy
content knowledge of citizens.
Perception of portion sizes using images and self-reporting
have also been studied, with technology (e.g., apps) being used
to aid consumers with nutritional and portion size information
(Panzone et al., 2016). The current study will assess whether
the input method impacts citizen estimates of carbon footprint
and energy content. Three input methods (multiple choice,
slider tool, text box) were selected because they had been used
independently in previous studies (Panzone et al., 2016; Shi
et al., 2018; Camilleri et al., 2019), and are three Zooniverse
data input methods that could be used with numerical input.
The functionality of these methods within citizen science
and impact on perceptions of carbon footprint and energy
content has not been assessed. As an accurate understanding
of citizens perception of this understanding is an essential
component for future research, citizens focused communication
and engagement with these topics, it is important to identify the
most effective and appropriate input method.
Previous studies relied on survey methods with either pilot or
small representative sample sizes, some of which were carried out
via online platforms [e.g., N = 42 (Panzone et al., 2016), N ≤
226 (Shi et al., 2018), N ≤ 518 (Camilleri et al., 2019), and N
= 1511 (Panzone et al., in press)]. The number of food types
surveyed ranged from three (Shi et al., 2018), to 67 (Panzone
et al., 2016), with other variables such as portion size and
linguistic modifiers (geographic origin, seasonality, production
practice) (Shi et al., 2018). These variables were found to have
an effect on estimations. For example, Shi et al. (2018) observed
that the climate impact locally produced (vs. imported) meats,
and organic (vs. conventional) foods were underestimated. An
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approximate hierarchy of climate impact was reported, however
participants were not able to clearly distinguish between the
climate impact of some food groups, with vegetarian protein
sources being estimated as having a similar climate impact
to chicken.
The data collection and recruitmentmethods used by previous
research (Panzone et al., 2016; Shi et al., 2018; Camilleri
et al., 2019), inherently provide access to a limited number of
participants, due to experimental set-up and budget, among
others. However, citizen science provides a digital engagement
and data collection methodology that allows larger and wider
participation [e.g., Zooniverse currently has 1,865,612 registered
users (Zooniverse, 2020)], measurement of current perception,
changes in knowledge, and the opportunity for education. Citizen
science invites members of the public to participate in scientific
thinking and to collaboratively support researchers in their data
collection around a set theme or experiment. For example,
Zooniverse has been used to explore the properties of spiral
galaxies (Hart et al., 2017) and young stars (Silverberg et al.,
2020). Besides being a data collection mechanism, citizen science
strives to engage broader audiences, to educate participants about
the topics they are observing, and to experience the processes
used in scientific investigations, thus providing impetus for
possible changes in practice (van’t Veer et al., 2017). Citizen
science methods have been used successfully in the fields of
astronomy, ornithology, and ecology (Dickinson et al., 2010)
and for research in other areas of the food system, however,
is virtually absent from the broader nutrition science literature
(Rowe and Alexander, 2016; Ryan et al., 2018). Citizen science
provides an opportunity to engage with a larger and wider
population sample to understand current perceptions of carbon
footprint, energy content and portion size perceptions in the
general population. This understanding will contribute to the
design of more effective and targeted communication strategies,
interventions and decision-making processes (Ryan et al., 2018)
on the topic.
Addressing the paucity of research in the area, the current
study uses the Zooniverse citizen science platform to address
a series of aims; to measure perceptions of carbon footprint
(embodied carbon emissions) and energy content (Kcal); to assess
the impact of three different data input methods on responses;
to assess how portion sizes and food type impacts perceptions.
This pilot assesses the potential of the Zooniverse citizen science
platform as a data collection methodology to explore perception
of foods of carbon footprint and energy content.
METHODS
Citizen Science Platform
The Zooniverse citizen science platform was selected as it is
the largest citizen science platform on the internet with over
900,000 volunteers registered, and upwards of 90+ citizen science
projects running at any one time (Smith et al., 2013; Simpson
et al., 2014). The Zooniverse citizen science platform started in
2007 with the Galaxy Zoo project. To date, more than 175,000
citizens provided shape analyses of more than 1 million galaxy
images. These 60 million galaxy “classifications” have been used
to produce more than 50 peer-reviewed publications, based not
only on the original project but also because of serendipitous
discoveries made by the volunteer community. Researchers can
use the Zooniverse platform to create projects, and recruit using
Zooniverse citizens (public) or to a select group of citizens using
a website link to the survey (private).
Recruitment
The pilot was promoted via informal university networks (i.e.,
participant email lists). A private website link directed citizens
to the survey which was hosted on the Zooniverse platform.
Data collection ran for ∼5 weeks (13/06/2018–20/07/2018).
Full Zooniverse membership (which would identify which
classifications were made by a citizen) was not required to take
part in the study. Consequently, participation was anonymous,
apart from five registered Zooniverse members. As it is not
possible to determine the exact number of citizens, the associated
IP addresses provide a proxy. 8,484 valid classifications were
made from 516 different IP addresses.
Materials
Ten types of food were selected with a range of carbon footprint
and energy content (boiled rice, cheese, puffed rice cereal, boiled
rice, baked beans, chicken breast, beef mince, fried chips, sliced
apple, raw carrot). The carbon footprint values (kgCO2e/100 g
product) for the foods were based on data published by Audsley
et al. (2010), Clune et al. (2017), and Poore and Nemecek
(2018) who, respectively conducted systematic reviews of 369
and 570 published studies and a meta-analysis which provides
generalizable data on the carbon footprint values associated
with different foods. The values represent average emissions to
produce primary food commodities to the point of the regional
distribution center in the UK. Energy content data (Kcal/100 g
product) were taken from the National Diet andNutrition Survey
databank (Bates et al., 2014; Public Health England, 2018). See
Supplementary Material 2 for additional information on the
portion weight, carbon footprint and energy content of foods
used in the study. A photograph of a small, medium, and large
portion of each food was selected from the Intake24 image
bank (Crawley et al., 2002; Simpson et al., 2017; Newcastle
University, Food Standards Scotland, 2018). A text description
of the pictured food was added to each image (Figure 1).
Food images were displayed with and without portion weight
(grams) information.
FIGURE 1 | Portion with and without weight information.
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TABLE 1 | Multiple choice ranges of carbon footprint and energy content.
Ranges Carbon footprint (gCO2e × 10) Energy content (Kcal)
Low 0–165 0–186
Low-medium 165–325 186–375
Medium 325–490 375–560
Medium-high 490–650 560–745
High 650–815 745–930
The Survey
Three data input methods were selected within the Zooniverse
platform multiple choice, slider tool, and text box. All carbon
footprint scale anchor points (i.e., slider minimums and
maximum values, the ranges on the multiple choice options)
were provided in 101 throughout the experiment. The anchor
values of the slider bar input were set at 0 and 1/3rd higher
than the greatest carbon footprint and energy content of the
sampled foods, i.e., 815 g of gCO2e × 10
1 and 930 kcal. These
1/3rd higher values were to allow overestimation using the
slider and multiple choice inputs. The calculated ranges for
carbon footprint and energy content were divided into five equal
multiple choice options (see Table 1). Slider bars were set to zero
as default. The carbon footprint and the energy content of four
example portions were provided in a “Help” file for citizens: a
medium portion of roast Lamb (∼90 g), a portion of parsnips
(∼60 g), bread roll (∼112 g), chocolate bar (∼50 g). We did not
include detailed information about energy content and carbon
footprint within the “Help” file as we intend to measure current
citizen understanding.
Due to the functionality of Zooniverse, 12 “workflows” were
prepared to allow a counterbalanced design. The independent
variables in the workflow were: input method (multiple choice,
slider tool, text box) × portion size (small, medium, large) ×
portion weight (with weight, without weight)× food type (boiled
rice, cheese, puffed rice cereal, boiled rice, baked beans, chicken
breast, beef mince, fried chips, sliced apple, raw carrot) × task
order (Carbon footprint 1st, energy content 1st). carbon footprint
and energy content ratings formed the dependent variables (DV).
The data input method (multiple choice, slider tool or text
box) and presence of portion weight (with weight or without
weight) remained consistent within a workflow (see Figure 1).
Workflows presented all portion sizes and food types, with either
carbon footprint or energy content questions first. This resulted
in 360 possible images/input combinations. Participants could
retire at any point of the survey. Following completion of the
study, citizens were asked to provide written feedback on the
survey content and functionality via an online form.
Procedure
Each citizen scientist was randomly allocated to a single workflow
(per IP address or Zooniverse ID), and could provide perceptions
of up to 30 images using the same data input method. After
15 answers were collected for an image in a single workflow,
the image was withdrawn from workflow circulation. Hence,
for each data input method there were 60 answers per image:
15 carbon asked first with weight shown; 15 carbon asked first
without weight shown; 15 energy asked first with weight shown;
15 energy asked first without weight shown. Image order was
random for each participant. Exact questions and additional text
information provided to citizens can be found in the online
Supplementary Material 1.
Data Analysis
8,484 classifications were submitted which included an estimate
of carbon footprint and energy content. Of the 8,484 estimates
submitted for energy content, 1,285 contained no response,
and 30 responses submitted using the text box were above the
designated range (>930 kcal). 7,169 energy content classifications
were used for further analysis. Citizen perceptions of energy
content were compared against validated figures (Public Health
England, 2018). As the energy content, and accuracy tolerance
of food labels can vary between regions (European Commission,
2012; Public Health England, 2012; Jumpertz et al., 2013),
estimates within a±10% range of approved figures were classified
as correct. 8,484 carbon footprint estimates were submitted, 1,464
contained no response, and 56 responses submitted using the
text box were out of the designated range (0–815 g of gCO2e
× 101). 6,964 carbon footprint classifications were used for
further analysis. Citizen perceptions of carbon footprint were
compared against values calculated based on validated figures
from existing research. To provide a comparable range to energy
content, estimates within a range ±10% of the approved figures
were classified as correct. Descriptive data and exclusions for
each data input method and information about the chosen
analysis are listed in Supplementary Material 3. Using SPSS,
the Kruskal Wallis H test and subsequent pairwise comparisons
(Bonferroni corrections applied) were used to explore the impact
of input method, portion size, weight information and food type
on citizen estimates of carbon footprint and energy content.
Qualitative feedback from citizens was manually coded.
RESULTS
Carbon Footprint Perception
The majority of citizens overestimated (74.6%) with fewer
underestimating (11.3%) or estimating within the ±10% range
(14.0%), [χ(4) = 2015.82, p < 0.001]. However, when the input
method is considered, estimates submitted using the slider tool
and text box are least likely to fall within the validated range,
with the majority being above or below (see Table 2). Estimates
made using the multiple choice tool appear to be more accurate,
however the large range within eachmultiple choice increases the
chance of “correct” answers being given. When we consider food
type (see Figure 2), there are two exceptions to the typical pattern
for the text box, with the largest proportion of estimates falling
below the validated range for mince (69.3%) and rice (50.0%),
(see Supplementary Material 4 for additional information).
Energy Content Perception
Overall, consumers are more likely to overestimate (59.2%),
than correctly guess (23.4%) or underestimate (17.4%) calorie
content of food [χ(2) = 2199.77, p < 0.001]. However, this
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TABLE 2 | Accuracy of carbon footprint and energy content estimates for each data input method.
Input method Carbon footprint (%) Energy content (%)
Below In range Above Below In range Above
Slider tool 159 (7.4) 56 (2.6) 1942 (90.0) 550 (24.2) 215 (9.6) 1486 (66.0)
Text box 615 (34.3) 88 (4.9) 1090 (60.8) 636 (32.2) 190 (9.6) 1150 (58.2)
Multiple choice 6 (0.2) 819 (28.03) 2099 (71.8) 60 (2.0) 1273 (43.3) 1609 (54.7)
Total 780 (11.3) 963 (14.0) 5131 (74.6) 1246 (17.4) 1678 (23.4) 4245 (59.2)
FIGURE 2 | Accuracy of carbon footprint estimates for each food type.
pattern is not observed when the input method is considered.
The text box and slider yield the fewest correct estimates,
with the majority falling above and below (see Table 2).
Overestimates are most frequent using multiple choice though
the number of correct responses is higher compared to
other methods.
We next explored the impact of food type on the frequency
of energy content estimates which fall within range of validated
values. Due to the issues withmultiple choice responses discussed
above, the analysis was conducted with data from the text box
and slider methods. We observe that the majority of participants
are unable to accurately estimate the energy content (calorie
content) of foods with most responses being above (62.4%)
or below (28.1%) the defined range. The calorie content of
apple and carrot were most frequently overestimated [χ(9) =
132.35, p < 0.001], the energy content of mince and pasta
were most often underestimated [χ(9) = 181.07, p < 0.001].
Only a small proportion (9.6%) of estimates fell within the
designated range, however mince and baked beans estimates
fell within range most often [χ (9) = 75.67, p < 0.001], see
Figure 3.
Impact of Input Method
Input method had a significant impact on perceptions of carbon
footprint [H(2) = 452.42, p < 0.001] and energy content [H(2)
= 645.99, p < 0.001]. Carbon footprint and energy content
estimates were lowest using the text box, followed by the slider
tool, and the highest estimates being given using multiple choice
(Mean rank carbon footprint: text box = 1807.69, slider tool
= 3217.96, multiple choice = 4732.56; energy content: text box
= 2882.73, slider tool = 3258.04, multiple choice = 4306.85).
Pairwise comparisons indicate significant differences are present
between each input method for carbon footprint [text box–slider
tool: χ2(1) = 22.25, p < 0.001, text box–multiple choice: H(1) =
−48.95, p < 0.001, slider tool–multiple choice: H(1) = −26.77,
p < 0.001] and energy content [text box–slider tool: H(1) =
5.90, p < 0.001, text box–multiple choice: H(1) = −23.74, p <
0.001, slider tool–multiple choice:H(1) =−18.16, p< 0.001]. See
Supplementary Material 5 for additional analyses.
Impact of Portion Size
Portion size significantly impacts perception of carbon footprint
[H(2) = 85.33, p < 0.001] and energy content [H(2) = 961.70,
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FIGURE 3 | Accuracy of energy content estimates for each food type.
p < 0.001]. Carbon footprint (Mean rank: Small = 3349.60,
Medium = 3820.63, Large = 3909.25) and energy content
(Mean rank: Small = 3015.52, Medium = 3824.84, Large
= 4914.95) estimates increased in line with portion size.
Pairwise comparisons reveal that carbon footprint estimates
do not differ between Small and Medium portions [H(1)
= 1.17, p = 0.73], however a Large portion is perceived
to have a significantly greater carbon footprint than a
Medium portion [H(1) = 6.62, p < 0.001]. Energy content
estimated were significantly different between each portion
size [Small-Med: H(1) = 13.08, p < 0.001, Small-Large:
H(1) = 30.59, p< 0.001, Med-Large: H(1) = 14.52, p< 0.001].
Impact of Weight Information
Citizens estimated the carbon footprint of foods to be
significantly lower when weight information is present [H(1)
= 7.37, p = 0.007, Mean rank: With Weight = 3415.19,
Without Weight = 3545.76]. Conversely, the presence of
weight information results in a significantly higher energy
content estimate than when weight information is absent [H(1)
= 14.06, p < 0.001, Mean rank: With Weight = 3674.50,
Without Weight= 3491.80].
Impact of Food Type
The type of food shown significantly influences carbon footprint
estimates [H(9) = 1002.15, p < 0.001]. Carrot (Mean rank =
2211.99) and mince (Mean rank = 4945.37) were estimated to
have the lowest and highest carbon footprint (see Table 3). With
the exception of sliced apple, all foods were estimated to have
significantly greater carbon footprint than carrot batons [H(1) =
1.24, p= 0.21]. All foods were perceived as having a lower carbon
footprint than mince. Energy content perception significantly
TABLE 3 | Impact of Food Type on Carbon Footprint and Energy
Content perception.
Mean Rank
Food Type Energy Content Carbon Footprint
Carrots, batons, raw 1554.14 2211.99
Apple, sliced 1690.33 2217.39**
Chicken breast slices 3260.56** 4053.80**
Cheese 3289.35** 3735.28**
Baked beans 3395.90** 3301.37**
Rice, boiled 3811.93** 3530.87**
Cereal, Puffed Rice 3948.86** 3662.15**
Pasta, boiled 4269.76** 3422.34**
Mince 5049.63** 4945.37**
Chips, fried 5552.19** 3702.31**
**p < 0.001 vs. Carrot. Kruskal-Wallis, Bonferroni correction applied.
differs with food type [H(9) = 2444.83, p < 0.001]. Carrot
batons (Mean rank = 1554.14) and chips (Mean Rank: 5552.19)
were estimated to have the lowest and highest energy content
(see Table 3). All foods were perceived as having significantly
higher energy content than carrot batons, with the exception
of apple slices [H(1) = 1.24, p = 0.21]. A series of pairwise
analyses indicate that all foods significantly differ in energy
content estimates, with the exception of chicken and cheese
[H(1) = 0.27, p = 1.00], chicken and baked beans [H(1) = 1.25,
p = 1.00], cheese and baked beans [H(1) = 0.99, p = 1.00],
rice and cereal [H(1) = 1.25, p = 1.00], and rice and pasta
[H(1) =−2.95, p= 0.14].
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Impact of Task Order
Next, we consider whether task order impacts energy content
and carbon footprint. We observe energy content estimates are
significantly lower [H(1) = 17.57, p < 0.001] when rated before
(Mean rank = 3489.47) than after carbon footprint (Mean rank
= 3694.15). When considering input method for energy content
estimates, the data indicate an impact of task order is present
for the text box [H(1) = 12.40, p < 0.001, Mean rank: 1st =
950.30; 2nd = 1041.80] and multiple choice [H(1) = 8.15, p
= 0.004, Mean rank: 1st = 1431.60; 2nd = 1516.79], showing
lower ratings when energy content is rated first. However, the
slider [H(1) = 0.87, p = 0.35, Mean rank: 1st = 1113.02; 2nd
= 1138.58] does not show order effects. This pattern was not
initially reflected with carbon footprint estimates [H(1) = 1.26,
p = 0.26] which remained stable whether rated before (Mean
rank = 3,388) or after (Mean rank = 3,576) energy content.
However, when input method was investigated the data show the
impact of task order, ratings of carbon footprint were greater
when rated before energy content for using the slider [H(1) =
18.53, p < 0.001, Mean rank: 1st = 1158.68; 2nd = 1041.75].
Conversely, estimates were lower when carbon footprint was
rated first when using the text box [H(1) = 18.28, p < 0.001,
Mean rank: 1st= 856.93; 2nd= 963.54] or multiple choice input
methods [H(1) = 5.31, p < 0.02, Mean rank: 1st = 1426.87; 2nd
= 1496.65]. For additional analyses exploring order effects, see
Supplementary Material 5. Qualitative feedback from citizens is
outlined in Supplementary Material 6.
Carbon Footprint and Energy Content
Correlation
Due to the similarity between the carbon footprint and energy
content estimates, a series of analyses were conducted to explore
the perceived relationship between the variables. We identified
that the carbon footprint and energy content values (of the
ten foods used in the current research) established by previous
research (Reynolds et al., 2014; Rolls et al., 2002) do not correlate
[r(10) = 0.38, p = 0.28]. Due to the relatively low sample (10
foods), the analysis was repeated with the data for additional
foods from existing research. The second analysis confirms
that the carbon footprint and energy content of foods are not
inherently related [r(101) = 0.14, p = 0.15]. However, when we
look at carbon footprint and energy content estimates from the
current research, we find a strong correlation [r(6, 822) = 0.53, p<
0.001], indicating the citizens are unable to distinguish between
the variables.
DISCUSSION
The current research provides two key findings. First, that
the majority of citizens are unable to accurately estimate or
distinguish between the energy content and carbon footprint of
food. This compelling observation highlights the need for citizens
to be further educated, with particular focus on the carbon
footprint of food. Second, we have demonstrated the value of
Zooniverse as a platform to conduct nutrition science research
and identified that, of the methods assessed, the slider tool as the
most appropriate input method for estimations of energy content
and carbon footprint.
We observe that citizens are unable to estimate the
approximate (±10%) carbon footprint and energy content of
food, and unexpectedly, a strong correlation indicating that
citizens are not able to easily distinguish between the variables.
Citizens appear to have a slightly better understanding of energy
content than carbon footprint, with the majority of participants
over estimating the carbon footprint of food. This result differs
from the findings of Camilleri et al. (2019), who found that all
carbon footprints, entered via a text box, were underestimated.
Supporting the hierarchy of carbon footprint values collected
using a slider input (Choi and Pak, 2006), we found that beef
mince was perceived to have a larger carbon footprint than
chicken, and carrots and apples were ranked as possessing the
lowest footprint of the rated foods. This hierarchy of values was
reflected in citizen estimations of energy content. Foods with a
lower calorie content, such as carrots and apples, ranked lower
than other types of food, and higher calorie foods, such as fried
chips and mince ranked higher than other types of food.
Displaying the weight of a portion impacted estimates of
energy content and carbon footprint, however the effect differed
between the variables. This variability may be due to a lack of
familiarity with the factors being estimated. Future insight into
the impact of weight information could be gleaned by comparing
the effect on known, and unknown variables.
Estimates of carbon footprint varied in-line with portion size,
with larger portions being assigned greater estimates than smaller
portions. This again supports the proposal that citizens possess
some understanding of footprint hierarchy (Choi and Pak, 2006)
rather than numerical accuracy.
Reflecting the pattern of carbon footprint estimations for
differing portion sizes, citizens demonstrate a general awareness
of the relative, though not numerically accurate, calorie content
for different types of food. In line with previous research
(Matheson et al., 2002; Boushey et al., 2009; Schap et al.,
2011; Food Climate Research Network, 2018), we suggest that
citizens understand the impact which portion size has on calorie
content, being more or less than a previous portion, however
estimates lack the numerical accuracy required to effectively
gauge appropriate portion sizes and nutritional content of
foods. As previous literature has highlighted the contribution of
misestimating portion sizes to overeating and food waste (Rolls
et al., 2002; Health Council of the Netherlands, 2011; Panzone
et al., 2016), we suggest that inventions developed to tackle diet-
related chronic diseases (Holmstrup et al., 2013) and climate
change through diet, must first educate the general public about
portion size, energy content and carbon footprint of food (and
understand current levels of knowledge).
Increasing public knowledge (and comprehension) about
the relationship between portion size and energy content of
foods would allow consumers to make more informed dietary
choices, supporting the move toward healthier diets. Increasing
public knowledge and comprehension of the carbon footprint
associated with foods, in line with dietary recommendations
(Bureau Européen des Unions de Consommateurs, 2020), would
support the public’s desire to move toward a diet with a lower
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environmental impact. Public education of carbon footprints
could be delivered through informational campaigns or an on
pack labeling system, which have shown to be successful in
influencing consumer food purchases (e.g., Emrich et al., 2017;
Panzone et al., in press).
The current study explored the validity and comparable
accuracy of input methods used in previous research [multiple
choice (Shi et al., 2018), slider tool (Choi and Pak, 2006),
text box (Holmstrup et al., 2013; Panzone et al., in press)].
We found that the tool chosen can significantly impact carbon
footprint and energy content estimates. We observed that the
multiple choice input resulted in the most overestimates and
correct responses compared to other methods. This is due to
two inherent issues of the multiple choice method. First, the
multiple choice options provide a greater calorie ranges than
the slider and text box (±10%), increasing the likelihood of
a correct estimate. Second, the multiple choice ranges do not
enable differentiation between portion sizes of some foods. For
example, the energy content estimate for small, medium and
large portions of apple slices range are all encompassed within
a single (0–186 Kcal) multiple choice response. Though multiple
choice had a high response rate, there are inherent issues with the
method, providing less sensitivity in estimations, especially when
a large range of values are included within the same survey. The
text box allows high levels of accuracy but has a lower response
rate, compared to other methods and previous research indicates
that this method may deflate the range of numerical responses
(Kemper et al., 2019). Hence, we recommend the slider tool as
the most appropriate method for numerical estimates, having a
high response rate and allowing a more accurate representation
of citizen perceptions.
Limitations
We were unable to collect demographic information, unless
citizens are registered on Zooniverse. It would be valuable to
know the level of understanding in different consumer groups
in order to maximize the impact of information and behavior
change campaigns. A limited number of typically western foods
were used within the pilot. Though sufficient for the proof-of-
principle, this limits the application of the findings to the general
population and cuisines from other cultures. The pictured food
were accompanied by basic descriptions, stating the food type
and, if relevant, how the food was cooked e.g., cheese, boiled rice.
It is likely that additional information about the origin of the
food, such as whether it was locally produced or imported, would
impact carbon footprint, and potentially calorie estimates.
Implications
The current research offers some novel findings and insight
into citizen understanding of the calorie content and carbon
footprint of food. We have identified the need for citizens to
be educated about the environmental sustainability of different
foods. The ability to quantify the carbon footprint of a food
is essential, as this understanding must be established before
sustainable purchase decisions can be made. Increased consumer
knowledge about the environmental impact of foods will support
the public’s intention to move toward more sustainable diets
(Bureau Européen des Unions de Consommateurs, 2020). As
the food life cycle contributes 20–30% of global greenhouse
gas emissions (Kause et al., 2009; Poore and Nemecek, 2018)
guiding consumers toward foods with a lower carbon footprint
could reduce the environmental impact of the global food
system. In addition, the current research demonstrates the
value of the Zooniverse platform functionality as a device for
nutrition science research. Zooniverse can provide key evidence
to underpin policy change, consumer education and behavioral
change interventions which will move consumers toward more
sustainable and healthy diets.
Future Research
Based on our findings we suggest three areas for future
research. First, to further explore citizen understanding, future
research could explore citizen perceptions of a greater number
of foods, and replicate the study in different countries or
cultures with a different range of cuisines. Second, we found
that citizens may possess understanding of the hierarchy
of variables, having some understanding of hierarchy, but
are unable to accurately identify the energy content and
particularly, the carbon footprint of food. It would be beneficial
to develop and assess consumer facing communications to
improve awareness and understanding of the numerical value
of carbon footprint associated with different foods. Finally,
previous research has used a variety of recruitment methods
and traditional online platforms such as Qualtrics (Choi and
Pak, 2006; Holmstrup et al., 2013; Shi et al., 2018), some of
which limit the number of participants. Replicating such research
through Zooniverse would allow data to be collected from a
larger and more diverse sample, and, in addition, provides the
opportunity to educate the citizens, addressing the knowledge
disconnect which exists between academic communities and the
general public.
CONCLUSION
This pilot has demonstrated that citizen science platform,
Zooniverse, can be successfully used to measure perceptions
of carbon footprint and energy content. We suggest that
citizens possess some understanding of the hierarchy of the
carbon footprint and energy content of food, however lack
numerical accuracy of these concepts. This presents a clear
direction and opportunity for citizen science to engage and
educate inquisitive members of the public from wider groups.
Citizen science platforms offer the opportunity to not only
measure perceptions, but influence citizen behavior. This is
extremely important considering future policy interventions
to meet climate change targets and improve health. Future
citizen science projects could relate to sustainable diets,
reduction of obesity and overweight children and adults,
carbon allowances. Thus, using citizen science approaches
engagement, perception, and behavior change could be
measured over time, an advantage when compared to traditional
survey methods.
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